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Abstract 
We study a cast Mg-4.65Al-2.82Ca alloy with a microstructure containing α-Mg matrix reinforced 

with a C36 Laves phase skeleton. Such ternary alloys are targeted for elevated temperature applications 

in automotive engines since they possess excellent creep properties. However, in application, the alloy 

may be subjected to a wide range of strain rates and in material development, accelerated testing is often 

of essence. It is therefore crucial to understand the effect of such rate variations. Here, we focus on their 

impact on damage formation. Due to the locally highly variable skeleton forming the reinforcement in 

this alloy, we employ an analysis based on high resolution panoramic imaging by scanning electron 

microscopy coupled with automated damage analysis by deep learning-based object detection and 

classification convolutional neural network algorithm (YOLOV5). We find that with decreasing strain 

rate the dominant damage mechanism for a given strain level changes: at a strain rate of 5•10-4/s the 

evolution of microcracks in the C36 Laves phase governs damage formation. However , when the strain 

rate is decreased to 5•10-6/s, interface decohesion at the α-Mg/Laves phase interfaces becomes equally 

important. We also observe a change in crack orientation indicating an increasing influence of plastic 

co-deformation of the α-Mg matrix and Laves phase. We attribute this transition in leading damage 

mechanism to thermally activated processes at the interface.  
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1 Introduction 
Many high-performance alloys consist of two or more phases to combine and improve their respective 

properties in a microstructural composite. In lightweight magnesium alloys, cast microstructure with an 

intermetallic skeleton have been shown to lead to superior creep resistance, particularly at elevated 

temperature [1-3]. On the other hand, the presence of intermetallics naturally leads to decreased tensile 

elongation as the present Mg17Al12 and Ca(Mg,Al)2 Laves phases are hard and brittle, particularly below 

approximately two thirds of their melting temperature [4-11]. As both low and elevated temperature 

regimes, that is room temperature and temperature around and above 150 °C, are of interest in 

application, the underlying deformation and damage mechanisms and their thermal activation need to 

be understood. In particular, the competition between brittle fracture and plasticity, enabled by 

dislocation glide or diffusional processes, may be expected to govern any macroscopic transitions in 

behaviour with temperature. In this work, we address this by investigating the signatures of the 

dominant co-deformation mechanisms as a function of strain and rate in a Mg-Ca(Mg,Al)2 metallic-

intermetallic alloy by means of micromechanical testing and damage classification using artificial 

intelligence. 

Laves phases with the general formula Ca(Mg,Al)2 precipitate in the Mg-Al-Ca ternary alloy system 

once the Al and Ca alloying content exceed the solubility limit [12]. Laves phases have an AB2 

stoichiometry and are known for their high temperature strength, which is always accompanied with 

extreme brittleness at low temperatures [13-15]. However, the Laves phases usually show plasticity at 

high temperatures (above the ductile-brittle transition temperature) or at small scales [5, 6, 9, 13, 15-

18]. In conventional, cast Mg-Al-Ca alloys, they are usually present as thin interconnected struts with 

a thickness of the order of one to a few micrometre [19-21]. Their presence as interconnected 

reinforcement imparts good creep properties [1-3, 19, 22, 23], thermal stability [24], and adequate 

strength [25] to Mg-Al-Ca alloys. These alloys are thus intended for elevated temperature structural 

applications like automotive powertrains [26].  

In Mg-Al-Ca alloys, the Mg and Laves phases have significantly different mechanical properties, which 

results in heterogenous deformation [8, 27, 28]. Under tensile loading or during indentation, cracks 

form in the Laves phase or at α-Mg/Laves phase interfaces [3, 8, 20, 27, 29, 30]. In addition to cracking, 

plastic deformation has also been observed in the Laves phases surrounded by α-Mg matrix [8, 16, 28, 

31]. The co-deformation behaviour of α-Mg and Laves phases can be substantially affected by the strain 

rate, in addition to other factors like orientation relationships and temperature of deformation [28]. 

Strain rate and temperature are known to considerably affect the deformation and fracture behaviour of 

materials [32]. The flow stress or hardness decreases with decreasing strain rate and vice versa owing 

to thermally activated plastic deformation mechanisms and changing balance in their competition with 

fracture as temperature increases.  



In this work, we investigate the effect of strain rate on the elevated temperature (≈170 °C) deformation 

behaviour of an Mg-4.65Al-2.82Ca alloy. As a consequence of deformation at different strain rates, any 

changes in prevalent deformation mechanism will lead to different amounts and characteristics of 

damage sites that are introduced in the microstructure during deformation. The Mg-Al-Ca metal-

intermetallic composites possess several critical microstructural length scales from the thickness of the 

intermetallic struts (~1 µm) over the strut spacing in the skeleton (10s of µm) to the grain size (100s of 

µm). These naturally expand into all three dimensions in this cast alloy, but three-dimensional 

characterisation is normally limited in the sense that interrogated volume and voxel size and therefore 

resolution scale. We therefore choose cross-sectional analysis after deformation by scanning electron 

microcopy (SEM), which is able to cover a large area of the order of 1 mm² at sufficiently high 

resolution to encompass all important length scales for this alloy. By using deep learning to assist in the 

analysis of the many damage sites induced across a large cross-sectional area after deformation, we 

consider the formed damage statistically in terms of its major characteristics or classes of damage 

observed.  

Deep learning methods based on convolutional neural networks serve as a tool to learn spatial 

hierarchies of information about the content of image automatically and adoptively through 

backpropagation [33]. Here, we use two image analysis tasks: feature detection, which is the task of 

localising all instances of a specific class in an image [34], and classification of the objects in an image 

[35], which is the task of assigning features of an image to specific classes [36]. In the case of this work, 

damage sites in panoramic micrographs are detected and classified with the objective of damage 

analysis. In this context, deformation induced damage sites can be detected and subsequently classified 

with respect to their appearance, as shown by Kusche et. al and Medghalchi et. al. for damage sites in 

dual phase steel [37, 38]. 

In this work, we explore the prevalent mechanisms of co-deformation and their dependence on strain 

and rate in a Mg-Ca(Mg,Al)2 metallic-intermetallic composite microstructure. To this end, we use 

micromechanical testing and scanning electron microscopy coupled with automated image analysis and 

damage classification to identify and quantify the dominant damage mechanisms of brittle failure in the 

intermetallic and interfacial decohesion at the internal interfaces. These insights are essential to guide 

future material design strategies dedicated to achieving a damage tolerant microstructure with tailored 

strength, creep resistance and elongation to failure for a given application.  



2 Experimental Methods 

2.1 Sample synthesis, deformation, and imaging 
A protective atmosphere of argon was used to melt the raw materials in a steel crucible using a vacuum 

induction melting system. Mg-4.65Al-2.82Ca (wt.% alloy) was then solidified in a copper mould as 

described in [39].  

Dog bone shaped specimens with a 10 mm gauge length for tensile deformation were cut by spark 

erosion. The grinding and polishing procedure for the samples was the same as discussed 

comprehensively in [12]. Samples were deformed to 3, 5 and 7% global strain at a temperature of 170 

°C and strain rate of 5 x 10-4/s. One sample was also deformed at 5 x 10-6/s to the intermediate strain of 

5% to study the effect of strain rate on damage formation.  

Post deformation microscopic analysis was done using secondary electron (SE), back-scattered electron 

(BSE) panoramic imaging, and electron back-scatter diffraction (EBSD) in scanning electron 

microscopes (SEM, FEI Helios 600i and Zeiss LEO1530). Panoramic imaging was done to cover 

maximum microstructural region without losing resolution or image quality. For example, the 

microstructural region presented in Figure 9 (a) is comprised of 255 individual images, each with 50 

µm (1024 px) of horizontal field width. An acceleration voltage ranging from 8-10 kV was used for this 

purpose. Images were stitched using image composite editor [40]. EBSD was performed at an 

accelerating voltage of 20kV.  

2.2 Automatic damage analysis method 

2.2.1 Object detection and classification model 
Yolo (You Only Look Once) as one of the popular object detection and classification algorithms has 

gained lots of attention in a wide range of applications such as object detection and image segmentation 

[41]. In contrast to two-stage detector methods, in which region proposal and classification tasks are 

sequentially performed, Yolov5 is a one-stage detector methods, in which region proposal and 

classification are solved simultaneously [42].This algorithm is relatively easier to implement and can 

be trained on the entire image without the need to divide the image or filter the objects of interest [43]. 

Its fifth version (YoloV5), which is the most recent one at the time of doing this research, has 

overperformed other variants such as fast R-CNN in terms of speed and accuracy. Here, we use 

YoloV5s, which has one of the fastest learning rates among all other options with 37.2 validation mAP 

(mean average precision) @ [0.5:0.95] on COCO API dataset [41, 44] [45].  

We use Yolov5s to detect and classify the damage sites in the microstructure of the Mg-Al-Ca alloy 

across panoramic SEM images. For further damage analysis, we used the Hough transformation to 

extract the inclination of cracks in the Laves phase. 



 

2.2.2 Definition of damage classes 
The deformed microstructure is composed of Mg matrix with the Ca(Mg,Al)2 Laves phase, and also 

contains deformation features such as slip lines, twins and cracks or interfacial decohesion sites. The 

cracks evolve in the Laves phase, while interface decohesion occurs at the α-Mg/Laves phase interfaces 

and pores of different shape also form at inclusions.  Thus, depending on location and shape of the 

damage sites, we distinguish three different types in the microstructure (Figure 1): (1) Laves phase 

cracks are linear shaped groups of black pixels lying on the white Laves phases, (2) interface decohesion 

at the α-Mg/Laves phase interfaces are black islands lying at the boundary of the white Laves phase and 

the grey matrix of the Mg, and (3) inclusions are normally randomly shaped and sized with either black, 

grey, or white pixels lying in the matrix. The pores presumably formed during casting are also placed 

in the latter category. The Laves phase cracks and interface decohesion sites are of particular interest 

here as they are deformation induced and not intrinsically dependent on casting or melt conditions. 

 
Figure 1.Illustration of the three types of the damage sites considered in the Mg-Al-Ca microstructure. 

2.2.3 Data preparation  

As the starting step, a dataset of 452 SEM images collected by both high-resolution scanning electron 

microscopes with varying sizes of 1024 x 768 and 3072 x 2048 pixels and varying resolutions of 16 and 

48 nm/pixel were introduced to the LabelIing software [46]. The three damage site classes, Laves phase 

cracks, interface decohesion and inclusion, were annotated using the bounding box defining tool by 

drawing a rectangular box around the damage site and specifying its type. The annotation was 

performed by a single person after the appearance of each class was defined and agreed between several 

scientists. As the output, an annotated label file with .xml format is generated and assigned for each 

SEM image containing the information with respect to coordinates and size of the bounding boxes of 

the damage sites in the annotated images.  

Subsequently, the annotated images together with the respective labels were uploaded to the Roboflow 

[47] website where the annotation files were converted to YoloV5 format. Thereafter, the data were 

randomly split into the training and test set with 80-20% proportion respectively (362 training and 90 

validation). The size of the bounding box, containing the whole area of the damage site, varied 



depending on the size of the damage sites in the microstructure. Out of 1082 annotated damage sites in 

the images of the training dataset, 856, 452 and 143 were annotation as associated with Laves cracks, 

interface decohesion and inclusions, respectively. The distributions of the different classes depending 

on the position in the microstructure and more details about the data distribution in the sense of 

dimensions and coordinates of the bounding boxes are mapped in Figure 2. As can be perceived from 

the training data distribution maps, there is no specific concentration of the positions of the damage 

sites within the image, which in turn would introduce no bias to the localization of the damage sites in 

the model training process and indicates that the selected area is large enough to represent the locally 

changing microstructure and its variable damage distribution. 

Figure 2. a) The number of the annotation of each class, b) the relative position of the bounding box on an SEM image c) 
the normalized dimensions of the bounding boxes (the highly occupied coordinates and dimensions are denoted with 
different colour).  

Data augmentation serves as a tool to increase the network robustness against different variations and 

in turn, enhances the robustness of network to classify the objects (here damage sites) obtained from 

different environments [38] ,[48]. The common augmentation method used in the context of YoloV5 is 

mostly Mosaic data augmentation and colour space augmentation [48]. In Mosaic data augmentation, 

four training images are mixed. In colour space augmentation, the hue and saturation of the images are 

varied. In addition, other geometrical augmentation methods like flipping, rotation, translation, scaling 

which exist in the default settings of the method and do not change the definition of the three classes.  

2.2.4 Network Training 
The training of the network was initiated from scratch, particularly without utilizing pre-existing 

weights that had been previously trained on an alternate dataset such as COCO [45] (a method known 

as transfer learning [49]). The rationale behind this decision relates to the higher evaluation metrics, 

particularly mAPs, which is a comprehensive single indicator summarizing precision, recall and 

intersection over the union (IoU), when compared to transfer learning methods implemented on the 

same dataset. This approach has been adopted to ensure a more rigorous and accurate evaluation of the 

network’s performance.  



In the YoloV5, the optimal weight is automatically saved based on the best fitness function. We utilised 

the standard saved weight of the network to perform prediction on our data. By using the best saved 

weight, we were able to detect and classify damage sites across the previously unseen SEM images, and 

extract the relevant quantities of each type. In order to assess the performance of the trained network, a 

number of metrics were employed and are described in detail below.    

Precision is calculated as the ratio between the number of Positive objects in the image (e.g Laves crack 

here) correctly classified, to the total number of Positive objects (either correctly or incorrectly 

classified). Equation 1 provides the corresponding formula for calculating the precision [50].  

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  𝑇𝑇𝑇𝑇
𝑇𝑇𝑇𝑇+𝐹𝐹𝑇𝑇

   Equation 1 

 

Recall is calculated as the ratio between the number of Positive objects in the image correctly classified, 

to the number of Positive objects correctly classified and Negative objects incorrectly classified. It is 

basically a measure of how well the model finds all the relevant cases in the images (see Equation 2) 

[51].    

𝑅𝑅𝑃𝑃𝑃𝑃𝑅𝑅𝑅𝑅𝑅𝑅 =  
𝑇𝑇𝑃𝑃

𝑇𝑇𝑃𝑃 + 𝐹𝐹𝐹𝐹
 

Equation 2 

The evaluation of object detection and classification algorithms relies fundamentally on both precision 

and recall metrics. These metrics are interdependent and exhibit a trade-off relationship. Increasing 

recall, for example, by generating a greater number of predictions, would result in a corresponding 

decrease in precision, which refers to the accuracy of prediction. To effectively balance these two 

metrics, it is necessary to aggregate them into a single metric, which is described in the following.  

Average precision (AP) is a parameter calculated by averaging all the precision values across various 

recall values under different thresholds. The precision is calculated for different classes and, depending 

on the number of the classes to be detected and classified, several precision-recall relations are built. 

The threshold utilised is the Intersection Over Union (IoU), which expresses the overlap between the 

area under the ground truth bounding boxes and the predicted bounding boxes over the whole areas 

under both bounding boxes (Figure 3) as 

𝐼𝐼𝑃𝑃𝐼𝐼 =  
𝐵𝐵 ∩  𝐵𝐵𝐺𝐺𝑇𝑇

𝐵𝐵 ∪ 𝐵𝐵𝐺𝐺𝑇𝑇
 

Equation 3 

 

where B is the area of the predicted bounding box and BGT is the area of ground truth bounding box [52]. 



 
 

Figure 3. Illustration of the intersection over union on example case of Laves phase crack. 

Mean average precision (mAP) is the mean value of all AP values across all classes. mAP is the most 

robust way of evaluating the method. It is mostly used with mAP@0.5 and mAP@0.5:0.95, with the 

numbers referring to the range of the IoU. mAP is expressed as 

mAP =   
1

𝑃𝑃
�𝐴𝐴𝑃𝑃𝑘𝑘

𝑘𝑘 = 𝑃𝑃

𝑘𝑘 = 1

 
Equation 4 

 

where n is the number of the classes, and APk  is the average precision of each class [53]. 

2.2.5 Evaluation of crack inclination 
To study the dependence of the inclination of the formed Laves phase cracks relative to the loading 

direction, we designed a method based on the application of the Hough transformation. In computer 

vision, the Hough transform is a widely recognized technique used for the detection of object instances 

with specific class of shape like lines, circles, or ellipses inside the image [54]. The detection process 

is conducted through convolutional operations to extract the object boundaries in the image. The 

collected information can then be used to accumulate Hough votes to finally find the instances of the 

specific shapes in the image [55]. 

Our procedure is illustrated in Figure 4. First, the damage sites classified as Laves phase cracks were 

isolated and cropped to a size of 100 x 100 pixels around the centroid of the object to encompass a 

single damage site as well as some surrounding area. Sites where more than one crack were contained 

within the cropped window were omitted. For precise recognition of the crack boundaries, its edges 

were slightly thickened by means of erosion morphology correction [56] (function parameters: 3*3 

kernel size under 1 iteration). Then the edges of the crack were detected by Canny edge detection [57]. 

Finally, the edge lines of Laves phase cracks were isolated by means of a Hough line transformation. 

Due to varying brightness and contrast condition of the images, the parameters which influence the 

voting accumulation, such as intensity threshold values in the canny edge detection as well as ρ-

accuracy and vote values of the Hough transformation were dynamically adjusted within the iteration 

for each image until it captured the lines with the highest number of the votes as the representation of 

the longest edge line of the crack. In the canny edge detection, the intensity threshold determines the 

limit to define an edge line as a line with respect to its connectivity, such that if the line portions are 



connected to the “sure edge” or “non edge” [58] . In the Hough transformation ρ is the distance of each 

line from the coordination origin and vote is the value of the accumulator [58]. The higher vote here, 

the higher is the weight which conveys information about the strength of the supporting evidence of the 

lines [59]. All the packages were implemented using OpenCV library [58]. Finally, the inclination 

angles of the Laves cracks were calculated in terms of the angle of the isolated parallel lines of the crack 

edges with respect to the horizontal, along which the tensile stress was applied.  

 
 

Figure 4. Illustration of Laves phase crack angle calculation. a) SEM image of the crack cropped from the panorama, b) 
application of erosion morphology correction, c) Canny edge detection, d) angle calculation. 

2.3 Technical Configuration 
All computation including training and validation of the network, calculation of numerical results, and 

detection and classification of damage sites in new images were performed on central high performance 

computing facilities with a GPU node providing "Nvidia Tesla V100" and 16 GB of memory and 1TB 

storage. Using this system configuration, training YOLOv5 took around 22 hours. Laves phase crack 

detection and angle calculation were performed on a workstation with an AMD FX (tm)-8350 eight-

core processor and 2 TB of memory. 

3 Results 

3.1 Microstructural features of the deformed Mg-4.65Al-2.82Ca alloy   
The deformed microstructure of the Mg-465Al-2.82Ca alloy is presented in Figure 5and Figure 6. The 

darker phase is the α-Mg phase and has the composition 98.8Mg-1.2Al (at. %) as determined by STEM-

EDS presented in previous work [39]. The brighter phase is the C36 Ca(Mg,Al)2 Laves phase. A detailed 

characterisation of this phase and the Mg-C36 interface has already been presented in reference [39]. 

Deformation in the α-Mg matrix is dominated by basal slip (Figure 5) and extension twinning (Figure 

6). Small cracks in the Laves phase tend to nucleate at the points where basal slip lines in α-Mg phase 

intersect the Laves phase (depicted by red arrows in Figure 5 b). In some instances, slip is also 

transmitted from α-Mg to the Laves phase (Figure 5 c).    



 
Figure 5. SE images of 5% deformed Mg-4.65Al-2.82Ca sample, (a) panoramic image of large microstructural area, (b) 
magnified image of the area enclosed by white rectangle in (a), and (c) magnified portion of the area covered by blue 
rectangle in (b). Loading direction is horizontal for all images. The basal slip trace is represented by green line in (b).   

Examples of the formation of extension twins in the α-Mg phase are given in Figure 6. The three variants 

of extension twins within one α-Mg grain are highlighted in Figure 6 a. There is more cracking in Laves 

phases in α-Mg grains containing significant deformation features, such as slip lines and deformation 

twins (Figure 6 a-b). On the other hand, grains which do not show these deformation features appear to 

contain fewer cracks in the Laves phase. (Figure 6 c). The cracks highlighted by red arrows (Figure 6 d 

and e) have the same orientation as those of the slip lines highlighted by blue arrows in the C36 Laves 

phase. This indicates that the cracks may have appeared in the Laves phase after plastic deformation 

through dislocation slip. Moreover, as the strain rate during deformation decreases, other deformation 

features, such as α-Mg/Laves phase interface decohesion, begin to appear more frequently (Figure 6 f). 

This shows that the type of damage initiated in the Mg-4.65Al-2.82Ca alloy is rate dependent.  



By this selective and manual analysis, we therefore find that the type of damage and inclination of Laves 

phase cracks depends on the local microstructural and deformation conditions. To investigate this 

further, a statistical analysis is needed, which is provided in the following using a combination of 

artificial intelligence and classical image analysis. 

 
Figure 6: SE images of 5% deformed Mg-4.65Al-2.82Ca sample at a strain rate of 5∙10-4/s, (a) three variants of extension 
twins visible in same α-Mg grain, (b) slip lines in α-Mg phase, c) α-Mg grain bounded by blue lines shows no evidence of 
slip or twinning, (d-e) cracks in the Laves phase as depicted by red arrows and slip lines by blue arrows. The orientation 
of cracks in C36 phase is same as that of slip traces in C36 phase. (f) microstructure of sample deformed to 5% strain at a 
strain rate of 5∙10-6/s  

 

3.2 Damage analysis using deep learning 

3.2.1 Network training 

The history of network training in terms of precision, recall and mean average precision at two IoU 

thresholds of 0.5 and 0.5 to 0.95 are depicted in the graphs in Figure 7. The highest mean average 

precision (mAP) at the intersection over union in the range of 0:5 to 0.95 reaches 70%. 

The batch size and number of epochs were 4 and 2500 respectively. Batch sizes of 2 and 8 were also 

explored, however, the smaller batch size slowed down the training process and the higher one resulted 

in a reduction of the generalizability of the model and also increased the memory usage. The number 

of the epochs was fixed to 2500 as a compromise between increasing trend of network learning potential 

and overfitting.  



 
Figure 7. Evaluation metrics during training history of the network 

 

3.2.2 Rate dependence of damage formation 

With decreasing strain rates from 5∙10-4/s to 5∙10-6/s, the relative fraction of the observed damage 

mechanisms was found to change significantly. Both samples presented in Figure 8and Figure 9 were 

deformed at 170 °C to 5% global strain. The sample deformed at a higher strain rate (5∙10-4/s) exhibits 

predominantly cracks running through the Laves phase struts (see Figure 8). The frequency of red 

squares and arrows (depicting cracking in Laves phase) is much higher than the green boxes and arrows 

(enclosing cracks at the α-Mg/Laves phase interfaces).  



 
Figure 8. (a) and (b): BSE panorama from a sample surface deformed upto 5 % global strain at a strain rate of 5∙10-4/s 
and temperature of 170 °C. Magnified images of the microstructural regions enclosed by the blue, orange and yellow 
rectangles are presented in (b), (c), and (d), respectively. Green boxes highlight interface decohesion site at α-Mg/Laves 
phase interfaces, red corresponds to cracks in the Laves phase, while blue boxes represent the inherent defects in the 
material visible on sample surface, such as inclusions and other pores.   

 

Much more interface decohesion, as highlighted by green squares and arrows, was observed in samples 

deformed at a strain rate of 5∙10-6/s (compare Figure 8 and Figure 9). Although Laves phase cracking is 



also visible in the sample deformed at the lower strain rate of 5∙10-6/s, the ratio between Laves phase 

cracking and interface decohesion is lower compared to the sample deformed at higher strain rate.  

 

Figure 9.(a): SE panorama from a sample surface deformed upto 5 % global strain at a strain rate of 5∙10-6/s and 
temperature of 170 °C. Magnified images of the microstructural regions enclosed by the blue, red and yellow rectangles 
are presented in (b), (c), and (d). Green boxes highlight interface decohesion sites at α-Mg/Laves phase interfaces, red 
indicates the cracks in the Laves phase, while blue boxes represent inclusions and other  pores.   

 



The quantitative data for all experiments is presented in Figure 10. 

 

 
Figure 10. Data calculated using AI from the Mg-4.65Al-2.82Ca deformed at a temperature of 170 °C. (a) Total number 
of damage sites per area in the alloy when subjected to different strain levels at the same rate, (b) change in total number 
of damage sites per area for the two different strain rates .   

 

As expected, the total number of damage sites per area for a given strain rate varied directly with strain 

Figure 10 a. Higher strain resulted in an increased density of damage sites. At all three strain levels and 

the higher strain rate of 5∙10-4/s, the fraction of Laves cracks exceeded that of interface decohesion sites 

by a factor of two or more.  However, the nucleation of damage sites reduced significantly as the strain 

rate was reduced from 5∙10-4/s to 5∙10-6/s for the same global strain of 5%. Further, the relative fraction 

of the two deformation induced damage types changed with strain rate ( Figure 11). Interface 

decohesion is a significant mode of damage at a lower strain rate (5∙10-6/s), accounting for 

approximately half the total number of damage sites, while at high strain rate (5∙10-4/s), cracks in the 

Laves phase dominate.  

     



 
Figure 11. Change in Laves phase crack and interface decohesion fraction as a function of strain rate in the Mg-4.65Al-
2.82Ca alloy deformed at 170 °C to 5% global strain. 

 

4 Discussion 

4.1 4.1 Microstructural and mechanical heterogeneity in the Mg-Al-Ca alloy 
During straining, deformation therefore usually initiates in the α-Mg phase [8, 28] and then it either 

extends into the Laves phase (Figure 5c and Figure 6d,e) or creates enough local stress to initiate cracks 

in the Laves phase (Figure 5b and Figure 6). This observation is consistent with previous experimental 

and computational work [8, 28] and result from the differences in mechanical properties and crystal 

structure between α-Mg and Laves phases [27]. In its as-cast form, the Mg-4.65Al-2.82Ca alloy has a 

microstructure consisting of α-Mg phase and C36 Laves phase. The α-Mg phase in Mg-Al-Ca alloys is 

a solid solution primarily of Al in Mg [3, 8, 12, 27, 28, 60]. This phase predominantly deforms via basal 

slip and deformation twinning [8, 12, 27, 28]. In pure Mg, these two deformation mechanisms have the 

lowest critical resolved shear stresses (CRSS) of < 1 MPa and < 10 MPa respectively at the macroscopic 

scale [61-64]. In contrast, the CRSS for prismatic and pyramidal slip are of the order of 40 MPa [65-

67]. Laves phases on the other hand demonstrate much higher hardness and strength but extreme 

brittleness at low temperatures [13-15]. However, these phases show plasticity at small scales even at 

room temperature, for example, in micropillar compression [6, 16, 68, 69]. The CRSS values for basal, 

prismatic, and pyramidal slip values in the C14 (CaMg2, structurally quite close to the C36 Laves phase) 

phase were found to be of the order of 0.5 GPa [6]. These values decrease with temperature but they 

remain well above the CRSS of Mg even at high temperature of the order of 250 °C [5]. Similarly, the 

CRSS values observed for {111}(11�0) of C15 (Ca Al2) Laves phase was reported to be nearly ten times 

to that observed in α-Mg phase [16].  

In addition to this generally heterogeneous deformation resulting from the mechanical contrast, we also 

observed that cracking in the Laves phase is more concentrated in those α-Mg grains that exhibited a 

higher amount of basal slip and extension twinning (see panoramic images in Figure 1 and Figure 2). 



This is again in agreement with earlier work on a similar alloy, where it was shown that cracks initiate 

in the Laves phase either at places where slip lines or twins in the α-Mg phase intersect with the Laves 

phase [27]. The behaviour of the alloy investigated here is therefore in good agreement with previous 

reports in the literature. However, the effect of strain and in particular rate has not been investigated 

explicitly to our knowledge, although a transition from cracking to plastic co-deformation has been 

predicted by atomistic simulations  for an α-Mg-CaMg2 C14 Laves interface [28]. 

4.2 Quantitative damage analysis by deep learning 
We used Yolo5s as a single-stage target recognition algorithm. This method proved simple and more 

effective compared to other deep learning object detection and classification methods like R-CNN, 

which is more complex and computationally intensive. Owing to its single-shot approach, it is well 

suited for the detection of small objects, like fine damage sites in our case [44].  

The classification performance of the trained network is visualised in Figure 12 for two randomly 

selected unseen sets of image data using confusion matrices in which actual damage type (from 

manually labelled ground truth data) and predicted damage type (by the network) are compared. The 

relatively high scores show that the classification is quite reliable, in particular for the classification of 

Laves cracking, while the classification of interface decohesion and inclusion sites is more variable. 

This may be improved by providing more labelled training data, further image augmentation or by 

including image artefacts or further damage types as additional classification options [38].  

 
 
Figure 12. Confusion matrices of classification associated with 2 randomly selected datasets. 

 

4.3 Strain dependence of damage 
The number of deformation induced damage sites formed in the Mg-4.65Al-2.82 Ca alloy increased 

with strain (Figure 10 a). This is as expected as higher strains will result in more dislocation pileups at 

α-Mg/Laves phase interfaces and thus more interface decohesion and cracking at and in the intermetallic 

phase [8]. In polycrystalline Ti-6Al with low interstitial content, Huang et al. [70] have shown that the 



geometric incompatibility and lack of slip transfer across grain boundaries are mainly responsible for 

nucleation of microcracks at these boundaries. Significant stress concentrations at grain boundaries can 

alternatively be released by slip transfer across boundaries, resulting in more homogenous plasticity in 

the sample [70, 71]. However, in the material investigated here, the dominant interface is a phase 

boundary rather than grain boundary and the crystal structure of the C36 Laves phase [72] is very 

different from that of α-Mg phase in spite of both possessing a hexagonal unit cell. Moreover, a 

dominant orientation relationship found for such alloys places the basal plane of the C36 Laves phase 

at an approximately perpendicular angle to the basal plane of the α-Mg phase [8, 28]. The different 

crystal structure and lattice parameters [72] of C36 Laves phase, together with a much higher CRSS [5, 

6] for basal slip, as compared to the Mg phase, and unfavourable orientation relationship [8, 28] with 

Mg therefore severely restricts basal to basal slip transfer into the C36 phase. Slip could possibly 

transfer when non basal slip is initiated in regions close to α-Mg/C36 Laves phase interfaces as a result 

of the high and multiaxial stresses induced by a basal dislocation pileup [8].  

Consistent alignment of slip traces indicating slip transfer at high angles between the slip planes has 

indeed been found here (blue arrows in Figure 5 and Figure 6). However, cracks are observed much 

more commonly, and we therefore could not yet investigate the conditions for slip transfer statistically 

using the employed neural networks. There may also be a transition from slip in the C36 phase to crack 

opening along the slip plane, as has been observed in micropillars of similarly complex intermetallic 

phases [73]. We consider this in more detail below as part of the rate dependence of damage formation, 

as decohesion of slip planes within the Laves phase would be expected to depend on the extent of slip 

transmission at the interface and dislocation motion in the intermetallic, both of which are expected to 

be thermally activated and therefore rate dependent.  

4.4 Rate dependence of damage 
The variation of strain rate resulted in a more varied effect on the formation of damage sites. The total 

number of sites per area for the same strain of 5% reduced to nearly half as the strain rate was decreased 

by two orders of magnitude, from 5•10-4/s to 5•10-6/s (Figure 10 b). Moreover, the type of damage 

changed from predominantly Laves phase cracking to a combination of interface decohesion and Laves 

phase cracking Figure 11. This change in dominant damage mechanism is likely due to thermally 

activated phenomena at the interfaces.  

In Figure 13, the angle of the Laves phase cracks relative to the loading direction is shown for both 

strain rates. The angles were calculated for all sites detected and classified by the neural network with 

sufficient crack spacing to apply the Hogh transformation as described above and benefits from the 

reliable classification of the Laves phase cracks(Figure 12). The results indicate that there are in fact 

likely three aspects to consider: in addition to (1) brittle cracking of the Laves phase driven by normal 

stresses and (2) interface decohesion, (3) Laves phase fracture following slip in the Laves phase or at 



least introduction of a critical dislocation density near the interface in the Laves phase may occur. Only 

the latter may be expected to lead to the change in dominant angle away from the perpendicular 

orientation at 90°, as found for the higher strain rate (Figure 13). In contrast, at the lower rate, the 

distribution does not show a clear trend and if the data are interpreted to contain a maximum, then it is 

at a much lower angle. Additional studies on the errors associated with angle distribution measurements 

relating to, for example, orientation relationships and texture, are needed to investigate whether a 

preferential angle does exist and , if so, how it is determined. 

 
Figure 13. Angle of damage sites nucleated in the Laves phase relative to the loading direction at the two different strain 
rates. Sites perpendicular to the loading direction are represented by an angle of 90°, while those parallel to the loading 
direction are represented by an angle of 0°. 

 

Purely brittle failure should be independent of thermal activation in the absence of thermally activated 

mechanisms promoting critical defect formation or pronounced changes in the crystal’s stiffness and 

decohesion energy. We therefore consider here the formation of perpendicular cracks as not thermally 

activated as a first estimate and discuss in the following how thermal activation may affect the formation 

of both interface decohesion and non-perpendicular cracks. 

Cracks at angles significantly away from 90° to the loading axis are likely to result in large number not 

simply from local variations of the macroscopic stress field due to the skeleton, but mainly from the 

formation of stress concentrations, crack nuclei and crystal planes with low decohesion energy in the 

Laves phase. The first will result directly from the intersection of slip bands and twins in the metallic 

matric with the intermetallic, whereas the deformation induced initiation of crack nuclei and 

dislocations in the Laves phase that may lower decohesion energy, will form subsequently at stress 

concentrations. In combined experimental and computational work on a comparable system, using a 

similar alloy in micromechanical testing and TEM experiments and a Mg/CaMg2 composite in 

correlated atomistic simulations, evidence of plastic co-deformation between Mg and Laves phase, 

interface sliding and fracture has also been observed, consistent with our experimental findings, as 



shown for example in Figure 5. In case of slip transfer for plastic co-deformation, the active planes are 

very limited in both phases with <a> dislocations moving on the basal plane of Mg and the basal and 

prismatic planes of the Laves phase. The dominant orientation relationships identified for other Mg-Al-

Ca alloys are based on parallel [22] and near perpendicular basal plane orientations [28, 74], with the 

latter observed in alloys with very similar processing and microstructure to those investigated here. This 

implies a strong change in slip plane orientation where co-deformation takes place, which is thought to 

be enabled by the formation of non-basal dislocations in the Mg matrix as a result of the stress field of 

the pile-up of basal dislocations at the interface [8]. A likely case of this kind of plastic co-deformation 

is pictured in Figure 5c. Plastic deformation in the Laves phase is strongly localised with large strain 

accommodated on individual parallel slip planes. This is typical and in the structurally related µ-phase 

has been shown to coincide with decohesion of planes on which plasticity led to a high dislocation 

density [5, 6, 68, 73, 75]. The latter gives a route from plastic co-deformation to the observation of 

cracks along slip planes in the Laves phase. Atomistic simulations considering Mg/Laves interfaces 

suggest that the slip transfer may be thermally activated [8, 28] and therefore expected to become more 

frequent as the temperature is increased or the rate is lowered. Similarly, the motion of dislocations in 

the Laves phase after slip transfer or nucleation from a stress concentration may be thermally activated, 

although the extent of this thermal activation at up to 170 °C may be very limited, as the hardness of 

the related CaMg2 C14 Laves phase has been found to be constant between room temperature and 250 

°C [5] or drop only a little up to 60% of its melting temperature (at 320 °C) [9]. Only limited data exist 

on individual slip systems from microcompression at elevated temperature [5]. 

Possible mechanisms that give rise to damage classified here as interface decohesion have also been 

considered previously in experiments and computational studies [8, 28]. In the case of interfacial 

sliding, it was shown in atomistic simulations that dislocations that pile up against the intermetallic are 

absorbed into the interface [28]. In nanomechanical testing, a clear signature of thermally activated 

deformation was observed, however, as both sliding and slip transfer were found to occur undeath 

indentations [8], a direct correlation with either mechanism was not possible by indentation.  

The approach presented here now adds valuable additional insights. It allows us to study the prevalence 

of the individual mechanisms and how their competition is affected by applied strain and strain rate. In 

particular, it has revealed a transition in active mechanism and, within the observed class of cracks in 

the Laves phases, important clues also towards changing mechanisms of plastic co-deformation and 

their impact on crack formation. These insights were found to be consistent with previous experimental 

and computational studies on very similar alloys and related strengthening Laves phases or idealised by 

directly relevant phase boundaries. In future experiments, additional parameters may now be 

considered, especially deformation temperature, the morphology of the intermetallic skeleton and the 

local orientation relationships. The intermetallic strut size, volume fraction and present Laves phase can 

be controlled by alloy composition, cooling rate after casting and subsequent annealing [74]. Concurrent 



orientation imaging by EBSD across large areas at sufficiently low kV to successfully index the small 

Laves phase volumes, will rely heavily on appropriate metallographic preparation and indexation 

method [12, 76]. Digital image correlation and surface topography analysis for (quasi) in-situ 

experiments may additionally help to reveal the role of interfacial sliding both in and normal to the 

surface plane and it may be possible to integrate this data into a workflow with automated damage type 

analysis.  

5 Conclusions 
We investigated the changes in deformation induced damage density and type with strain and strain rate 

at 170 °C in a Mg-4.65Al-2.82Ca alloy consisting of an interconnected C36 Laves phase skeleton 

embedded in an α-Mg matrix. The main conclusions from this work are 

• at higher rate (5•10-6/s), damage formation is dominated by cracking in the Laves phase (≈88% 

of all deformation induced damage sites), 

• at lower rate (5•10-4/s), a transition towards interface decohesion (≈46% vs 54% Laves phase 

cracking) is observed 

• the orientation of the formed cracks in the Laves phase changes from predominant cracking 

perpendicular to the loading axis at the higher rate to much more random crack inclination, 

which we associate with beginning plastic co-deformation across the interfaces. 

• In the two phase microstructure spanning microstructural length scales from single to hundreds 

of µm, these insights were made possible based on high resolution data from an area greater 

than 4mm2. The use of deep learning for damage detection and classification as well as 

subsequent image analysis proved successful as well as essential in analysing this large image 

dataset. 

Future work may build on these insights and methods to further unravel the role of thermal activation 

at interface boundaries and the role of plasticity in the reinforcing Laves phase, which may facilitate 

greater ductility of the alloy by plastic co-deformation on the one hand or lead to increased microscopic 

damage formation on the other. 
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